B
reast imaging has been the unparalleled innovative data leader in radiology since the introduction of BI-RADS more than 20 years ago [1] . Every day breast radiologists use components of imaging informatics, which is the radiology subspecialty that includes PACS, electronic medical records, structured reporting, computer-assisted diagnosis, natural language processing, archiving, radiation dosimetry, data mining, peer review, exchange of health information, and real-time education [2] [3] [4] . As breast imaging positions itself for the next 20 years of innovation in the era of big data, structured reporting and the ability to create and populate large databases that allow data mining are critical.
BI-RADS and Structured Reporting
BI-RADS, the first standardized vocabulary for imaging, was cutting edge in the late 1980s [5] , and structured breast imaging reporting was innovative. Breast imaging was ideally suited to be the structured reporting leader; the single organ lends itself to a narrow lexicon, and reports are predominantly focused on cancer detection. The templates and descriptors are of limited number, and the high percentage of normal or unchanged examination findings allows reports to be generated in few clicks [6] . The BI-RADS mammography, breast ultrasound, and MRI lexicons encourage structured reporting, which facilitates simple and powerful analy-
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tistically significant degree [12] . When the BI-RADS lexicon is taught, there is statistically significant improvement in agreement between new screening radiologists and experts [13] , and use of the BI-RADS lexicon has been found to improve final assessment concordance [14] . Integrating clinical decision support tools with BI-RADS descriptors may improve radiologists' performance [15] , and training in the use of the lexicon may be key to maximizing its benefits [16] .
One important benefit of structured reporting is that it has a minimum expected content-a minimum best practice. A mammogram report cannot be completed, for example, without reporting of breast density. No longer subject to the vagaries of the individual radiologist, the referring physician or data extraction algorithm does not have to read through a narrative report with content in whatever order the radiologist deems appropriate. Because the report always has the same architecture, the recipient can always expect specific data elements and a consistent classification of the findings.
There are other benefits to structured reporting. Data such as family history, examination history, and procedure history can be electronically imported through an application programming interface. Vagueness and if-then type recommendations are limited, and errors are reduced [17] [18] [19] [20] [21] . Automated structured reports are time savers for many radiologists. For others, however, cumbersome reporting systems increase reporting times, increase errors, and cause intense frustration [17, 22] . It is incumbent on radiology informatics specialists to ensure that software and associated interfaces improve rather than hinder radiologist performance.
Another benefit of structured reporting is that it facilitates automated alerts and notifications [2, 23, 24] . Dense breast tissue, for example, is an actionable finding in more than 20 states [25] . A breast density structured data field can trigger delivery of information and recommendations to the patient. Furthermore, the report may be presented in appropriately customized formats to the ordering clinician, a payer, and the patient [24, 26] . In parallel, critical alerting systems have been developed for entire radiology departments with automation of actionable result reporting. Examples include Powerscribe 360/Critical Results (Nuance) and ViSion (VisionSR).
Health care informatics has embraced standardization similar to BI-RADS. The Radiological Society of North America has established the Radlex vocabulary [27] . This validates the utility of BI-RADS; the importance of establishing consistency across practices is accepted. LI-RADS for the liver [28] , Lung-RADS for lung CT screening [29] , PI-RADS for the prostate [30] , and other systems parallel BI-RADS and exist or are being developed.
Although structured reporting is recommended in the BI-RADS atlas, some radiologists do not use it [31] . Unstructured data sources require specialized algorithms, and it can be difficult to extract relevant information. It is difficult to compare unstructured dictations because structures and terms are highly inconsistent. Unstructured data require manual or natural language processing techniques to parse text, analyze the syntax, detect negatives, and detect acronyms and abbreviations [32] . Natural language processing solutions are evolving in which vendors such as M*Modal and VisionSR translate free text narrative into structured reports, but the important ability to enforce best practice conformance is lost. Hybrid solutions are evolving that may combine the best of both approaches.
Data to Big Data and Data Mining
Just as BI-RADS and the Mammography Quality Standards Act dramatically changed the breast imaging landscape, the intersection between high-quality breast imaging and big data is the current turning point. Many informaticists speak about the three Vs of big data: volume, velocity, and variety [33] . There is no specific number for volume, but one knows it when one sees it. The ability to integrate and quickly initiate (velocity) transactions on large volumes of disparate data types (variety) characterizes this era.
Data mining is the process of looking for patterns in data that were collected without specific hypotheses in mind. Most of the evidence that supports BI-RADS, however, is the result not of data mining but of guided analyses to validate a hypothesis. Determining whether palpable masses with benign imaging findings can be followed, for example, is a hypothesis that can be proved or disproved [34] . Data mining is most effective when researchers do not have such hypotheses; data mining is used to identify new hypotheses that can be validated in the same or other cohorts.
Data mining applied to breast imaging reports can improve current imaging reporting and help optimize imaging strategies for the future [35] . The concept of big data makes possible the integration of current, previous, and future breast examination data with a multitude of other data sources, such as electronic health records, genomic analysis, and lifestyle tracking. This integration can make future breakthroughs in risk modeling and disease detection possible [36] . To realize these breakthroughs, breast imagers and data engineers will need to collaborate. The ability to integrate the growing types and complexity of data sources is critical-this is big data for radiology. The key point is that we no longer need to predetermine which data to collect. Which data are relevant or desired are constantly evolving, and therefore data collection must be able to evolve as new questions are asked by future generations. Continuing to ask only the same family history and menarche questions limits the ability to develop true precision medicine. Choosing the right database architecture will allow us to address issues not imagined today. Because we will want to integrate ever-changing categories of risk factors, dataset nonuniformity will demand database products that are maximally flexible.
The conversion to modern database architecture allows mining of unstructured and seemingly unrelated data. Most would, for example, assume that grapefruit is a healthful food, and it likely is, but it may be a breast cancer risk factor [37] . Aluminum is commonly present in more than trace amounts in certain processed foods, medicines, vaccines, and some sources of drinking water; an extensive comprehensive database could be mined to determine whether aluminum exposure is related to breast cancer risk [38] . In essence, data mining can extract new information from sources as diverse as smart telephone tracking of exercise and diet to the electronic medical record and integration of the data with breast imaging information to identify previously unknown breast cancer risk factors and ultimately create highly refined models that predict an individual's breast cancer risk and optimize screening algorithms.
Data-mined structured reports analyzed with an inductive logic program, for example, generated millions of potential rules [35] . From 130 rules, two were selected as possible predictors of malignancy. One rule indicated that if a woman 65-70 years old had a normal mammogram, a second mammogram interpreted as probably benign, and a third read as highly suspicious (BI-RADS category 5) with a mass, the mass was always malignant. The probably benign readings were always wrong.
Breast Imaging in the Era of Big Data
From this knowledge, one can create a rule: a new mass in a woman 65-70 years old may not be assessed as BI-RADS 3; it must be biopsied unless unequivocally proven to be a benign mass such as a simple cyst [35] . Running this and other similar rules in real time could alert the reading radiologist to potential pitfalls and suggest that management be changed. Data mining can lead to real-time report analytics that improve patient care.
Other big data tools can assist radiologists as they interpret examinations. For example, when the BI-RADS and ACR National Mammography Database (NMD) descriptors are put into a logistic regression model and the radiologist is compared with the radiologist plus computer, the combination is superior [39] . Models such as these are capable of discerning radiologists' descriptions assessment and recommendation discordance [39] . If this approach works in real time, errors can be reduced. For example, if one describes a mass on an ultrasound image as a complex mass and assesses it as a BI-RADS 2 benign finding, the computer would alert the radiologist that a mismatch likely exists; that is, the BI-RADS lexicon choice is likely inconsistent with the assessment. Similarly, if a big data model were correlating, for example, genetic data, BI-RADS descriptors and BI-RADS assessment real-time potential errors could be reduced. Knowing genetic information about a given patient may change the assessment of an image. For example, we know that the appearance of BRCA-related cancers often differs from that of non-BRCA-related cancers with more benign features [40] [41] [42] . Therefore, what might be called benign or probably benign in an individual of average risk might be a suspicious finding in a BRCA-positive patient. Adding 77 genetic variants to mammographic findings improves breast cancer diagnosis [43] . This is an example of real-time processing-enabled by new database technology-to combine the phenotypic finding and genetic knowledge to facilitate correct diagnoses by preventing medical errors and thereby improving patient care.
Current mammography databases include examination information and information about conventional risk factors, such as menarche and family history. When these databases were created, storing this much data was a herculean task [44] . Until recently, most mammography databases did not communicate or share data across organizations. Now, however, the breast imaging community can pool data in the NMD [45] . The NMD is limited-it collects data from structured fields and individual practice data to compare with national data for quality assurance and peer review. The NMD structure facilitates these goals, but its architecture does not allow flexibility for interaction with a multitude of other databases. These are clearly important goals, but a great deal more could be done. In the NMD, there is no opportunity, for example, to look for novel correlations beyond traditional risk factors. Images and pathology slides are not included. If practices could upload all the data they have, including structured and unstructured data, images of pathology slides, and breast images, and allow researchers access to deidentified HIPAA-compliant data, breast imaging could once again be the model that facilitates improvements in medical diagnosis. We should not limit ourselves to repeating what we have been doing; rather, we can and should explore how we can be innovative to determine what we are capable of doing.
The U.S. National Institutes of Health Clinical and Translational Science Award program is asking for broad collaborative efforts among researchers. Breast imaging can lead the way for precision medicine by being creative in its database architecture. The precision medicine initiative announced in January 2015 [46] asks for analysis of molecular, genomic, cellular, clinical, behavioral, physiologic, and environmental information [47] . Database architecture and data mining are crucial to the precision medicine initiative [48] , which may ultimately lead to significantly improved models for predicting a woman's breast cancer risk, the best imaging strategy for optimal early detection, and lifestyle recommendations for prevention.
Imaging offers a variety of data sources in addition to report content. DICOM images themselves contain much metadata (e.g., imaging abnormalities, age, compression thickness, radiation dose). The wealth of information in images could be harnessed if the algorithms for automatically extracting information were more robust. A large warehouse of images and data and facts extracted from images can be used to apply new data-mining algorithms and to extract further knowledge [49, 50] . Many aspects of radiology are moving toward quantitative imaging with definitive metrics delivered as part of the imaging examination. A combination of quantitative and textual (semantic) information is embedded in breast images (e.g., MRI regions of interest with kinetic data, breast density, mass margins, demographic information). Recent work has included, for example, automated density estimation, which addresses the issue of interobserver and intraobserver variability; the lexicon itself cannot eliminate this variability [51] [52] [53] [54] [55] . Some of this information can be exported directly from the image into the medical record [2, 26] ; software developed by Volpara Solutions can be used to import a patient's quantitative breast density directly into a mammogram report. The Radiological Society of North America Annotation and Image Markup Project enables extraction and consumption of information by other applications [2, 23, 26] . It is complementary to the DICOMstructured report information.
Health care data have been collected and analyzed for many years, but the initial forays into data analytics focused on finance and operational issues. The richest data sources were the admission, discharge, and transfer and the finance and billing systems. Most of the data are stored in traditional relational databases in traditional data warehouses at many institutions. A health care enterprise data warehouse stores financial data, demographic data, and clinical data, such as pathology reports, radiology reports, and the electronic medical record. These data can be deidentified and made available to researchers. Once genomic information becomes part of the data warehouse, the amount of stored data increases dramatically. Adding individual lifestyle data from smart phones, including information on exercise, diet, alcohol intake, sleep patterns, and more, will likely become commonplace, and the complexity of the data to be analyzed will again increase greatly. As we move from treating illness to supporting wellness, this information becomes invaluable-assuming it is accessible for data mining. Personalized predictive precision medicine is our future, and the future can be now for breast imaging if we fully use modern database architecture.
The services that we routinely use on the Internet-social media, shopping, and financial applications-operate with a new generation of database technology that accommodates big data. Document storage databases, such as Hadoop, MarkLogic, and MongoDB, allow the quick integration and association of myriads of disparate data. These technical solutions are now migrating to the world of health care [56] [57] [58] . Discovery of associations between data elements can be expedited with this new generation of tools. For example, data mining to identify drug reactions can include, in addition to the medical literature, online self-reporting and electronic medical records [59] . Important associations that once would have been difficult, if not impossible, to imagine are now easier to substantiate with appropriate data-mining methods.
The Future
Finding new patterns such as unexpected correlations between environmental factors and breast cancer risk is facilitated when data are easier to find and data from multiple sources are easier to integrate. This approach works in fields like genomic medicine, in which data from genetics, genomics, and medical records have revealed patterns that facilitate identifying biomarkers for Parkinson and Alzheimer diseases [60] . Future researchers will be able to elucidate factors beyond BRCA and other mutations that increase breast cancer risk. Data currently stored in silos can be exposed and integrated to show a 360° view of a patient that will ultimately benefit that individual. For example, we know that the breast cancer rate is increased among flight attendants [61, 62] , but we do not know whether this is related to the flying hours, secondhand smoke exposure, or other factors. As we gain more data, we may be able to find the answer. Eventually, optimal cost-effective life-saving imaging paradigms for large cohorts of women with similar breast cancer risk profiles can be created.
Databases such as MongoDB and MarkLogic have been used in many industries to create holistic views of customers to facilitate sophisticated analyses. Fields can be added or changed easily in these databases and the data mined to create knowledge; breast imaging can do the same. Modern document databases are designed to store a mix of structured and unstructured data on massive scales and can incorporate more than the BI-RADS and NMD mandated fields. The MetLife Wall, for example, collects structured and unstructured data from more than 70 different database systems to create a 360° view of more than 100 million clients [63, 64] . Medicine has lagged in interfacing numerous databases. The European Organization for Nuclear Research (CERN) has data from relational databases, document databases, blogs, wikis, and more that are aggregated and mined [65] . A user asks a question, and the system searches the data for results and merges them into an answer-essentially mining the data to create knowledge [66] . The WindyGrid in Chicago analyzes data in real time to react to and anticipate issues [67] . For example, data show that 7 days after a garbage complaint, there will likely be a rodent problem. The city can be proactive because of this knowledge [68] . Potentially, for the imaging community, having an immense document database will dramatically reduce the cost and time of creating and testing a hypothesis. Imagine what the breast imaging community could do if we had a system with the images, imaging reports, pathology images, pathology reports, and other data on our patients. Imagers would be in a better position to innovate because insightful questions could be asked and hypotheses generated and quickly tested against existing data. Breast imagers could have a database with volume, velocity, and variety.
If we grasp this opportunity, and do not continue to look only at the same risk factors that we have for decades, we can save patients' lives. Without change, we risk remaining beholden to those who overstate risk factor knowledge and who display unwarranted confidence in conclusions that lead to bad health care policy [69] . We remain at the mercy of those who create models, which may or may not be accurate [36] . It has been suggested, for example, that those younger than 50 years might not benefit from routine screening and that only those at high risk should undergo screening between the ages of 40 and 50 [70] . But 61% of women in their 40s who have screen-detected cancers have no family history of breast cancer [71] . More than 50% of those with breast cancer detected with MRI did not qualify for MRI according to American Cancer Society criteria [61] . These examples expose the dangers of illusion and incompleteness of knowledge; massive data can help the breast imaging community create evidence-based personalized early detection algorithms.
With currently available technology, one can see a quality loop emerging. ACR appropriateness guidelines are available in a computable format as ACR Select [2, 26] and are formally available as radiology order entry clinical decision support. The ordering provider receives real-time feedback about whether an order fits the appropriateness guidelines and is given the opportunity to modify the order if it does not fit the criteria. The order is then executed and reported. All this information is available for data mining and outcomes research. We have been conducting trials and analyzing data for many years, and we now have robust tools for expediting this work. The iterative loop and associated outcomes research govern modifications in clinical decision support [2, 26] , which is where the optimal breast imaging methods can be used and evolve.
When all of the potentially relevant data are amassed into the same database, breast imaging research can move quickly and fluidly. The future of breast imaging and associated data technologies can be incredibly robust with the deployment of flexible and agile databases. One challenge is to use database architecture that allows an unlimited number of structured data points. Others are having a single database that allows merging of structured and unstructured data sources and having every possible data point amassed and accessible in a safe, HIPAA-compliant, responsible manner. Security is its own specialty within imaging informatics [72] .
In building a database, archiving data, and creating database applications, one must observe all security measures that are applied to data containing protected health information. Local and state laws and HIPAA apply to the database infrastructure. Issues include access and control policies, audit trails, multifactor authentication, data encryption, deidentification, and confidentiality. Authentication must include strong passwords and policies to govern creation and periodic change of passwords. Authentication may include biometrics [73] . If mobile devices are sources of data or are used to access data, there must be policies and security measures to accommodate loss or theft [74] . Security measures must be applied to all applications and data sources. Periodic vulnerability testing must be performed. These measures are intended to prevent damaging data breaches.
The medical community is only beginning to understand the immensity of what is possible. Breast imagers can be at the forefront of creating outcomes-based imaging guidelines by embracing new ways of collecting and interpreting data. New technologies that aggregate structured and unstructured data can facilitate outcomes research and personalized medicine. We have rich tools that can expose patterns and relationships never anticipated. The benefits of the power of data and of not leaving actionable information unused will add value to breast radiology and the totality of radiology.
